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 Anthropogenic carbon dioxide (CO2) emissions dominate uncertainties in the global carbon 15 
budget. Global inventories, such as the National Greenhouse Gas Inventories, have latencies of 12-16 
24 months and may not keep pace with rapidly changing infrastructure, particularly in the 17 
developing world. Our work reveals that airborne and satellite imaging spectrometers provide 3 – 18 
30 m spatial resolution and accurate quantification of CO2 emissions at the facility scale. Examples 19 
from 17 coal and gas fired power plants across the United States demonstrate robust correlation and 20 
21% agreement on average between our remotely sensed estimates and simultaneous in situ 21 
measured emissions. We highlight four examples of coal-fired power plants in India, Poland, and 22 
South Korea, where we quantify significant carbon dioxide emissions from power plants where 23 
limited public emissions data exist. Leveraging previous work on methane (CH4) plume detection, 24 
we present a strategy to exploit joint CO2 and CH4 plume imaging to quantify carbon emissions 25 
across widely distributed industrial infrastructure, including facilities that co-emit CO2 and CH4.. 26 
We show an example of a coal operation, where we attribute 25% of greenhouse gas emissions to 27 
coal extraction (CH4) and the remaining 75% to energy generation (CO2). Satellite spectrometers 28 





global coal CO2 emissions. Multiple revisits and coordinated targeting of these high emitting 30 
facilities by multiple spaceborne instruments will be key to reducing uncertainties in global 31 
anthropogenic CO2 emissions and supporting emissions mitigation strategies. 32 
 33 
Plain Language Summary 34 
 Carbon dioxide (CO2) emissions from power plants represents one of the largest sources of 35 
greenhouse gases from humans. Keeping track of CO2 emissions from all global power plants is 36 
difficult, as good emission data can depend on a country’s emission reporting protocols. Remote 37 
sensing with imaging spectrometer instruments offers a new capability to do top-down monitoring. 38 
These instruments provide high spatial resolution CO2 plume maps which can be used to quantify 39 
emissions. In this study, we show examples where we quantified and validated CO2 emissions at 40 
21 global gas and coal fired power plants using airborne and satellite imaging spectrometers. With 41 
repeated targeting by satellites, we estimate that we could constrain 60% of all global power plant 42 
emissions. This capability is key to reducing uncertainties in global anthropogenic CO2 emission 43 
budgets and supporting emissions mitigation strategies. 44 
 45 
Main 46 
 Anthropogenic carbon dioxide (CO2) emissions are dominated by strong point sources. 47 
Energy supply and industrial systems make up 66% of total global fossil fuel CO2 emissions 48 
(Crippa et al., 2019). In the United States, these sectors make up 50% of all greenhouse gas (GHG) 49 
emissions (Hockstad and Hanel, 2018).  Under the Paris Agreement, member countries must plan, 50 
develop, and report progress towards reducing their country’s contribution to global GHG 51 
emissions (UN, 2015).  Global inventories, such as the National Greenhouse Gas Inventories 52 





on accounting of fuel consumption, population dynamics, and other activity data. Guan et al., 54 
(2017) compiled CO2 emissions using two different Chinese energy consumption datasets and 55 
found a gigaton (Gt) gap between emission estimates. Similarly, Hong et al. (2017) compiled an 56 
emission inventory for China using national and provincial energy consumption numbers, and 57 
reported uncertainties over 1.6 Gt CO2 per year. These uncertainties are larger than the total 58 
estimated fossil CO2 emissions from Japan, the 5
th
 largest global emitter (Crippa et al., 2019). Point 59 
sources are a driving factor in these discrepancies (Hogue et al., 2016), so reducing uncertainty for 60 
point sources is a major factor in reconciling global fossil fuel CO2 emissions (Turnbull et al., 61 
2016).  62 
In some countries, large emitting facilities like coal-fired power plants are equipped with 63 
continuous emissions monitoring systems (CEMS) that directly measure flue gas emissions within 64 
the stack. However, CEMS equipment is costly and needs continual calibration.  In the United 65 
States, the Department of Energy’s Energy Information Administration (EIA) tracks CO2 66 
emissions using fuel consumption, and the Environmental Protection Agency (EPA) tracks CO2 67 
emissions at large facilities using CEMS monitoring. Gurney et al. (2016) found that although 68 
generally EIA and EPA CO2 estimates agree within 6%, one-fifth of facilities disagree by more 69 
than 13%. For additional validation or to reconcile divergent emission estimates, we show in this 70 
study the possibility of leveraging remote sensing to monitor emissions from strong CO2 point 71 
sources. These results can aid for bottom-up inventory validation, but also can extend globally and 72 
provide the only direct estimate of CO2 emissions from strong point sources.   73 
Some studies have used remote sensing to quantify massive fossil CO2 emissions. Nassar et 74 
al. (2017) used CO2 retrievals from the Orbiting Carbon Observatory (OCO-2) to quantify coal 75 
power plant emissions from 7 facilities, with estimated emissions ranging from 1220 to 3720 metric 76 
tons per hour (t h
-1





individual point sources relies on the confluence of clear skies, direct overpass, and robust wind 78 
speeds (Hill and Nassar, 2019). The 2  2 km
2
 spatial resolution also requires that a CO2 source be 79 
spatially isolated from other potential emitters so that an individual plume can be clearly attributed 80 
from observed satellite retrievals. More complete mapping of individual sources from atmospheric 81 
sounders may be possible with the target-focused OCO-3 mission (Eldering et al., 2016), the 82 
geostationary GeoCARB mission (Butz et al., 2015), and the Copernicus Anthropogenic CO2 83 
monitoring mission (CO2M; Kuhlmann et al., 2019). 84 
Airborne surveys with the Next-Generation Airborne Visible/Infrared Imaging 85 
Spectrometer (AVIRIS-NG) have shown great success in mapping and quantifying methane (CH4) 86 
emissions across anthropogenic sectors at very fine (3-4 m) spatial resolution (Duren et al., 2019; 87 
Frankenberg et al., 2016). An identical instrument, the Global Airborne Observatory (GAO) (Asner 88 
et al., 2012), can also provide trace gas retrievals. Fine spatial scale mapping allows for direct 89 
attribution of CH4 plumes to sub-facility level infrastructure elements, which in the case of 90 
AVIRIS-NG, has led  operators to use this information to help guide emission mitigation (Thorpe et 91 
al., 2020; Cusworth et al., 2020). Imaging spectrometers are also sensitive to elevated CO2 92 
concentrations (Dennison et al., 2013; Thorpe et al., 2017), but have not previously been used for 93 
retrieval of emission rates. The recently launched PRISMA satellite (Loizzo et al., 2018), has less 94 
sensitivity to CH4 and CO2, but is still capable of quantifying large emission sources (Cusworth et 95 
al., 2020). PRISMA allows for tasking of specific ground targets at 30 m spatial resolution with 6 96 
day revisit. Here we quantify CO2 emissions from 28 overpasses of coal and gas fired power plants 97 
using various AVIRIS-NG and GAO flights, and PRISMA acqusitions over the United States, 98 
India, Poland, and South Korea from 2014-2020. Airborne overpasses represent acquisitions from 99 
various AVIRIS-NG and GAO deployments. Some sites are located in vicinity of major oil & gas 100 





Methane Survey (Duren et al., 2019)). Other airborne sites were acquired opportunistically as the 102 
aircraft transited between deployments. PRISMA was specifically targeted for U.S. sites were there 103 
was possibility of joint overpass with AVIRIS-NG/GAO, or for non-U.S. sites where emissions 104 
were anticipated to be large according to bottom-up inventories (GEM, 2020). This work represents 105 
the first demonstration of high spatial resolution, globally-scalable, CO2 facility-scale emissions 106 
estimation from remote observation.  107 
 Imaging spectrometers like AVIRIS-NG, GAO, and PRISMA measure solar radiance 108 
reflected off the Earth’s surface, producing an image where each pixel has a detailed spectrum 109 
containing information on surface and atmospheric properties. Imaging spectrometers measure 110 
narrow spectral bands (e.g. 5 nm for AVIRIS-NG/GAO; 10 nm for PRISMA) in the shortwave 111 
infrared, capturing absorption features between 2 and 2.5 µm wavelength caused by atmospheric 112 
CO2 and CH4. Increased CO2 concentration within a pixel’s spatial resolution produces stronger 113 
absorption, which can be quantified using Iterative Maximum A Posteriori – Differential Optical 114 
Absorption Spectroscopy (IMAP-DOAS). CO2 enhancements above the background can be totaled 115 
across all pixels in a plume downwind of a facility, and combined with wind speed can be used to 116 
estimate the emission rate. Total uncertainty for each remotely-sensed emission rate is caused by a 117 
combination of retrieval, background, and wind speed uncertainty. These details as well as details 118 
on the algorithm used for CO2 retrieval, facilities imaged, emission rate derivation, and CEMS 119 
reported hourly emissions are provided in the Supporting Information. 120 
We compare retrieved emission rates to reported CO2 emission rates in Figure 1 and Table 121 
S1. In the United States, reporting programs exist for each of the imaged facilities. Power plants are 122 
required to use and report CEMS hourly emission rates to the EPA Acid Rain Program (AMPD, 123 
2020). For both gas and coal fired power plants, we see a robust correlation between remote and 124 
reported CEMS emission rates (Figure 1; R
2





estimates were within 21% of reported CEMS emissions (range -40–65%; Table S1). Figure 1a and 126 
1b show CO2 plumes imaged one month apart with GAO and PRISMA at the Hunter Power Plant 127 
in Utah. Figure 1a shows the plume imaged by GAO on July 31, 2020, and we estimate a 1430  128 
360 t h
-1
 emission rate, which is 14% higher, but within the uncertainty of the simultaneously 129 
reported 1250 t h
-1
 emission rate from the CEMS database. Figure 1b shows the same facility 130 
imaged a month prior on June 15, 2020 with the PRISMA satellite. The plume is also clearly 131 
delineated, and we estimate 640  130 t h
-1
, which is much lower than the GAO estimate, but very 132 
close to the simultaneous CEMS reported emissions (657 t h
-1
). 133 
Like the Hunter power plant, we were able to quantify five facilities multiple times using 134 
two or three remote sensing platforms. Four Corners Power Plant was imaged by AVIRIS-NG on 135 
June 21
st
, 2019 (Figure S4d), PRISMA on July 31
st
, 2020 (Figure S5c) and by GAO on August 8
th, 
136 
2020 (Figure S3f). All three emission estimates show close correspondence with CEMS reporting 137 
(CEMS: 1100 – 1370 t h
-1
; remote-sensing: 1080 – 1380 t h
-1
; Table S1) and neither emission 138 
estimates varies significantly between overpasses. Intermountain Power Plant was imaged by GAO 139 
on July 31
st
, 2020 (Figure S4b; 560  140 t h
-1
) and PRISMA on August 1
st
, 2020 (Figure S5d; 140 
1480  302 t h
-1
). Though acquisitions were spaced only one day apart, their retrieved emission 141 
rates differ by nearly 1000 t h
-1
, but a similar magnitude increase in emissions was also reported in 142 




: 1110 t h
-1
; Table S1). This example and the 143 
Hunter Power Plant (Figure 1) show the ability to detect real emission variability with distinct 144 
instrument platforms. Finally, the Bridger Power Plant was imaged by GAO on August 1
st
, 2020 145 
(Figure S4f; 2500  630 t h
-1
) and PRISMA on September 21
st
, 2020 (Figure S5e; 2430  518 t h
-1
). 146 
Though emissions between airborne and satellite observations are consistent with one another at 147 
Bridger, they differ considerably from reported CEMS emissions by 750 - 900 t h
-1





the other observed examples fall close to the one-to-one line with CEMS reporting (Figure 1c), this 149 
discrepancy could be explained by scene-specific systematic bias in the GAO/PRISMA emission 150 
retrieval or issues with CEMS reporting. Follow-up observations ideally by another measuring 151 
system could help resolve the discrepancy. 152 
These multiple overpasses of individual facilities show that CO2 emissions from power 153 
plants can be variable, meaning that in order to estimate annual emissions at a facility using only 154 
remote sensing, we need an adequate sampling strategy. Hill and Nassar (2019) quantified the 155 
variability in EPA CEMS emissions for the top 50 US coal-fired power plants, and combined it 156 
with the uncertainty of their OCO-2 emission estimates to deduce the minimum number of 157 
successful overpasses needed to constrain a power plant’s annual emission rate within a 95% 158 





 where  𝜎 =  √𝑠ℎ
2 + 𝑒𝑠𝑡
2  (Hill and 159 
Nassar, 2019), where 𝑠ℎ
2 is the variability in CEMS hourly emissions and ℎ
2  is the uncertainty in 160 
the retrieved emission rate, and 𝛿 is the desired precision on the annual emission estimate. Hill and 161 
Nassar (2019) estimated 𝑠ℎ  = 0.31 from EPA CEMS data, and from Table S1, we divide the 162 
estimated PRISMA emission uncertainty by the emission rate for each facility, which is 𝑒𝑠𝑡 =163 
0.23 on average.  If we wish to constrain annual facility emissions within 14% (i.e., reduce Non-164 
Annex-I uncertainty below 1 Gt CO2 per year), we need N = 29 overpasses of an instrument with 165 
PRISMA-like capabilities in space. It’s currently improbable for a single instrument to provide 166 
sufficient samples on an annual basis for robust emission quantification. However, through 167 
coordinated targeting of individual facilities across imaging spectrometer and atmospheric sounder 168 
(e.g., OCO-2/3; GeoCARB; CO2M) missions, we may start to develop sufficient statistics. Ideally, 169 
a constellation of many GHG target-focused satellite instruments of similar build and retrieval 170 





have similar or improved spectral resolution and signal-to-noise as PRISMA, and include EnMAP, 172 
EMIT, Carbon Mapper, SBG, and CHIME (Guanter et al., 2015; Green et al., 2020; Duren et al., 173 
2020; Cawse-Nicholson et al., 2021; Nieke and Rast, 2018). Together, coordinating observations 174 
among these satellites may provide sufficient coverage to adequately constrain CO2 emissions from 175 
large facilities.    176 
The close correspondence between remotely-sensed CO2 emissions and in-situ CEMS data 177 
in the U.S. gives confidence in our approach. Therefore, remote-sensing can be used for additional 178 
validation, or to help resolve the few discrepancies that may continue to exist between bottom-up 179 
inventories (e.g., Gurney et al., 2016). For other global regions where little reliable reporting 180 
information or CEMS data exist, a top-down remote sensing approach can be used to infer 181 
emissions. We test this with two AVIRIS-NG overpasses of coal-fired power plants in India, Udupi 182 
Power (794  265 t h
-1
) and Maithon Power (640  218 t h
-1
), that were imaged during AVIRIS-NG 183 
India campaigns in 2015 and 2018, respectively (Figure 2). Figure 2 also shows two PRISMA 184 
acquisitions of the Bełchatów Power Station in Poland (3450  917 t h
-1
), and the Hadong Power 185 
Station in South Korea (1500  441 t h
-1
). The Indian and Sourth Korean plants in Figure 2 186 
represent two of the many large power plants within Non-Annex-I reporting countries, which are 187 
not bound by the same emission reporting protocols developed by the UNFCCC and may not have 188 
CEMS implemented (UN, 2015). If we take bottom-up CO2 estimates from the Global Energy 189 
Monitor (GEM, 2020), which estimates coal-fired power plant emissions by applying 190 
Intergovernmental Panel on Climate Change (IPCC) emission factors to permitted capacity, we find 191 
that 71% of coal CO2 emissions come from Non-Annex-I countries, for a total of 7.2 Gt CO2 per 192 





Figure 3 shows the cumulative distribution of estimated annual estimated CO2 emissions 194 
for global coal fired power plants as well as the percent contribution to the global total coal CO2 by 195 
emission levels (GEM, 2020). The distributions are broken down by the country’s Annex-I 196 
reporting status. Nineteen of the top twenty emitting facilities come from Non-Annex-I countries. 197 
The lowest CO2 point source we quantified with PRISMA was the Hunter Power Plant power plant 198 
(640  130 t h
-1
). If we conservatively assume this emission rate to be the detection limit of 199 
PRISMA and like satellites for CO2 emission quantification, we could potentially use satellites as a 200 
consistent observation framework to account for 60% of global coal fired power plant emissions 201 
from space. PRISMA may have an even lower detection limit than 640  130 t h
-1
, meaning more 202 
than 60% of CO2 emissions from coal-fired power plants could be monitored from space. 203 
However, routine targeting of additional power plants with lower anticipated CO2 emissions is 204 
needed to empirically estimate this detection limit.  205 
Many energy supply and industrial facilities co-emit both CO2 and CH4 depending on the 206 
nature of their operations. Our work demonstrates the potential for doing dominant carbon GHG 207 
accounting for co-emitting facilities.  Figure 4 shows CO2 and CH4 emissions from the San Juan 208 
power plant and coal mine venting shaft during AVIRIS-NG flights in June 2019. Coal mine CH4 209 
emissions are connected to power plant CO2 emissions, as CH4 gas is produced and vented during 210 
coal extraction, and then the extracted coal is transported to and combusted at the power plant to 211 
produce electricity, with CO2 emitted as a byproduct. Figure 4 shows a distinct CO2 plume 212 
emanating from one exhaust stack with an estimated emission rate of 635 89 t h
-1
. To the east of 213 
the scene is the coal venting shaft with a CH4 plume with an estimated emission rate of 2.5  0.4 t 214 
h
-1
. This emission rate is similar in magnitude to the 1.6 t h
-1
 emission rate quantified previously by 215 
AVIRIS-NG (Frankenberg et al., 2016), and the 2.5 t h
-1





EPA Greenhouse Gas Reporting Program in 2018 (most recent reporting year available at time of 217 
this study). Using a factor of 85 for the 20-year global warming potential (GWP) of CH4 (IPCC, 218 
2013), the coal mine emission has a CO2 equivalent emission rate of 213  37 t h
-1
, and the total 219 
carbon GHG emission of the facility is 848  126 t h
-1
. Therefore, we can determine that 25% of 220 
CO2-equivalent emissions at the time of overflight were from coal venting operations, with the 221 
remaining 75% from electricity generation. 222 
 In summary, the fine resolution mapping of GHG sources with airborne and satellite 223 
imaging spectrometers gets us to spatial scales where we can detect individual plumes at power 224 
plants and quantify their emissions within 21% of CEMS reported emissions. From space, our 225 
detection limit will degrade, but with access to global coverage, we will be able to image many 226 
more facilities, and can use these results to validate reported emissions or provide unique emission 227 
estimates for facilities with no reporting information. With multiple satellites coordinated on 228 
specific targets, we can constrain annual CO2 emissions from facilities, which will allow for 229 
significant uncertainty reduction in the global fossil fuel CO2 budget. The joint CO2 and CH4 230 
sensitivity of imaging spectrometers allows us to quantify carbon emissions across widely 231 
distributed infrastructure, including facilities with related co-emissions, opening the potential to do  232 
fuller carbon accounting of energy supply and industrial processes. Ultimately, for carbon 233 
mitigation measures to be effective and validated, robust understanding of CO2 emissions from 234 
these facilities is required. This is possible through coordination of current and future airborne and 235 
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Figure 1. Comparison between retrieved and EPA reported CO2 emission rates. The top row shows 428 
a comparison between retrieved CO2 plumes from the airborne GAO (A) instrument and the 429 
PRISMA satellite (B) at the coal-fired Hunter Power Plant in Utah, overlaid on a Google Earth 430 
image. The bottom panel is a scatterplot of power plant emissions from airborne (AVIRIS-NG, 431 
GAO) and satellite (PRISMA) compared to EPA Continuous Emissions Monitoring (CEMS) 432 
reports. The dashed grey line represents the one-to-one line.  433 
 434 







Figure 2. CO2 plumes imaged and quantified at two coal-fired power plants in India (panel A: 438 
Udupi; panel B: Maithon Power) using AVIRIS-NG. CO2 plumes were imaged and quantified at 439 
the Bełchatów Power Station in Poland (panel C) and the Hadong Power Station in South Korea 440 










Figure 3. Distribution of global coal fired power plants by CO2 emissions, using estimates from 447 
the Global Energy Monitor (GEM, 2020). Blue and green dots represent the cumulative distribution 448 
for Annex-I and Non-Annex-I countries, respectively. Red dots represent the cumulative 449 
contribution to global coal CO2 emissions from facilities of a certain threshold or greater. The 450 
dashed grey lines represent the Maithon and Udupi Power facilities (Figure 2), and the dashed 451 
green line represents the 20
th
 largest CO2 emitting coal power plant.   452 
 453 







Figure 4. CO2 and CH4 accounting at the San Juan mine and coal-fired power plant. Methane gas 457 
is venting to the atmosphere during coal extraction (right-most inset box). Extracted coal is sent to 458 
the power plant, where CO2 is released as a byproduct of electricity generation (left-most inset 459 
box). AVIRIS-NG is capable of mapping and quantifying GHG plumes associated with both 460 
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